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ABSTRACT

A maximuin a posteriori Bayesian classifier 1S used to perforiu
a supervised classification of multifrequency, polar jmetric, air-
borne, SAR observations Of boreal forests from the Bonanza
Creek Experimental Forest,near Fairbanks, AK, into six cate-
gorits. 1) whitespruce; 2) blackspruce; 3) balsainpoplar;4)
alder; b) trecless areas; and 6) open ywyter, 1ree classification
accuracy is highest (86%) usingl,- and C-band fully polarimetric
combined on a date where the forest just recovered fromriver
flooding. The SAR map compares favorably with a vegetation
map obtained from digitized aerial infra-red photos. C-band fre-
quency and HV-polarization are, respectively, the most useful
frequency and polarization for mapping tree types using SAR.
Combination of Inulti-date SAR observations dots not iinprove
classification accuracy, and SAR data acquired on diflerentdates,
under difle rent environmental conditions, Yield classification ac-
curacies16%to 41 % lower. Single-frequency, single-polarization,
SARdata show limited mapping capability. Multispectral SPOT
observations of the same arvea on asingle date yicld aclassification
accuracy of 78%. Combining optica and SAR data is useful for
identifying tree species, independent of ground truth verification,
using biomass estiinates from SAR at 1.- band HV-p olarization,
NDVIfrom S1'0’1’ redandinfra-red radiances, and anunsuper-
vised segmentation map of the $ AR data.

IN'JILOIIL1 CYI'ION

Mapping tree species using remote sensing techniques is impor-
tant for forest monitoring, aud for improving estimates of re-
gional, continental, and global photo-syn thesis and production [I-
2]. SARimages have shown potential for separating tree species
dnall-weather, day or night conditions, at a higli spatial resolu-
tion, but most studies have beenlimited to the analysis of scattes
plots [3], or color images [4], and vy fow attemptshaveactually
‘been made to Mmap species composition on a pixel to pixelbasis
and estimate the number of pixels correctly classified. In ad-
dition, establishing relationships between radar signatures and
forest parameters is stillan active area of research [5], so that
identifying tree species froin SAR data alone, without requiring
ground-truth verification, is difficult. Finally, mapping species
composition using remote sensing techniques may only apply to
alimited range of tree structure and environmental conditions,
and those limitations need to be determined.

In this paper, we present Classification results obtained from
Ilulti-date, multi-chaunel, airborne SAR obser vations of Alaskan
boreal forests. A maximuin aposteriori Bayesian classifier is used
to perform a supervised classification of tree species, and evalu-
ate theadded value of various polarizations and frequencies for
improving dassification accuracy, as well as the effect of environ-
mental conditions on the mapping capability of SAR. T'he results
are compared with those obtained using spaceborne observations
a optical wavelengths from the Satellite pour Observationde le
Terre, SPOT. Finally, we bricfly discuss theinference of above
ground woody biomass from SAR data, its dependence on species
composition and on environmental conditions; and how SAR and
S} 'C)J combinedhelpidentify species compositionindependentof
ground {ryih verification and provide input ecological parameters
of interest to models of atinaspher ¢- biosphere CO, exchange.

SPECIES COMI'OS1TION FROMSAR

A Maxinmum A Posteriori Bayesian classifier for multifrequency
polarimetric SAR data [6) is used to perform a supervised clas-
sification of six categories of terrain Cover: 1) white spruce; 2)
black spruce; 3) balsamn poplar; 4) alder; 9) trecless arcas; and
6) open water SAR obser vations of the Bona nza Creek bix-
perimental forest (64° 45°N, - 148°W) were collected on 3 difler -
cut elates in March 1988, during which the forest changed from
frozen to thawed conditions and back to frozen conditions due to
a transition to unusually warin temperatures [7], and on 3 dif-
ferent eéates inMay 1991, during which the forest chianged from
flooded conditions to unflooded conditions with the receding of
the Tanana river waters [8). In 1988, P-band was only available
on March 13, and C-band was corrupted on March 13. In 1991,
all frequencies werc available but P-band was corrupted on sev-
cral dates. The multi-date SAR scenes were al co-registered to
May G,1991scene. A total of 59 polygonal training sites were
selected in the 10 kin? region along the Tanana river for which
species COMPOSIL ) e known from ground truth verification.
22 of these stands were used t0 compute the mean radiometric
and polarimetric characteristics of the six identified te1rain cate-
gorics, which were then used as input parameters for the classfier.
Classification accuracy (the number of correctly classified pixels
divided by the total numberof pixels) was computed for all 59
stands and recorded in confusion matrices (rl’able 1-8).

The highest classification accuracy is obtainedusingl.-and
C-band fully polariinetricon May 6, 1991, where the forest is
just recovering from river flooding. 86% of the forest pixels are
correctly classified, and91% overall (i.e including open water )
('T’able 1), A digital vegetation map assembled fromin fra-red
acrial photos by USGS EROS Alaska Field Office, Auchorage,
Alaska yields 73% classification accuracy for theforest pixels and
8€9% overall (Table 2) becausc it dots not include tree-less areas
created by clear-cuttitlg of trees and forest fires between1978,
date Of acquisition Of theinfra-red photos, and 1991. Yxcluding
the treetcss areas, the vegetationmap has only a 87% accuracy,
because several tree stands were uncorrectly la beled or proba-
bly changed in nature between 1978 and 1991. Using l-band
frequency alone yields an accuracy of only 78% (Table 3). On
March 13, 1988, y}en the forest is inthawed state due to unusu-
ally warm temperatures, 1,- and P- band polarimetric combined
have an accuracy of 70% (Table 5). OnMarch 19, 1988, when
the forest is infrozenstate,the accuracy is only 44% (TableG).
Data acquired at the peak of flooding on May 3, 1991 yield ac-
curacies 10% lower thanthose obtained on May 6, 1991 because
strong tree-trunk/ground interactions mask out finer differences
in radar backscatier between tree species on May 3. Combination
of several of these dates does not improve classification accuracy.

On a single date, C-band and HV-polariz ation are, respec-
tively, the most useful frequency aud polarization for tree map-
ping (Fig. 1, and Table 4). C-band HV probably is mostly due to
scattering from branches aud reveds differences in brancl georn-
etry and foliar bionass, while 1- band IV probably reveals dif-
ferences inabove ground woody bioniass, i.e. including branches
and trunks. C-band VV (I'RS-11ode), L-baud HU (J3-J;1{ S-
1 mode), and C-band HH (R AD ARSAT mode) combined yield



arcasonable accuracy (Table 7), while cach one of themalone
yields poor accuracies, C-bandHII in particular provides a good
discrimination fwtw’cell alder and balsainpoplar probably be-
cause trunk-groundintera ctions are morcimpo rtant in dder trees
which are closer to the river andare still flooded, while balsam
p oplar trees are away from the river bank, at higher elevations,
and unflooded on May .

SPECIES COMPOSITION FROM SPoOT

Multispectral optica dataacquiredby S1'0'1" on August 8,1991
were used to classify the samne area Inage classes were sclected
based on amulti-dimensional cluster analysis of visible, red,and
infra-red ra(]ianccs, and classification was performed 1lSillg a clas-
sifier similar to the one used for the SAR data The classification
accuracy (78% fOr the trees and 90% overall)is lower than that
obtained with ATRSAR.SPOT better separates conifers from de-
ciduous trees (diflerent normalized diflerence vegetation indexes
(NDVI)), but dots not separate black spruce from white spruce,
and alder from balsam poplar (saturated NDV1) (']'able 8).

WOODY }110MASS FROMSAR

The retricval Of biomass from SAR data IS investigated using
inversion curves derived for maritime pine-plantations [5]. The
results confirm that thelonger wavelengths (1,- and P- bands)
arc best for biommass retrieval, and cross -polarization IS bettey
than co-linear polarization. owever, environmental conditions
strongly aflect the performance of the inversion, because of dia-
matic changes in the water content of the soil aud vegetation
during freeze/thaw, and drought/flood transitions, The eflect
is more important at L- band than at P-band (¥ig. 3-4). When
the trees arc frozen, the retrieval of biomass is difficult (¥ig. 3).
Flooded trees also create a specia situation. The best fit between
the maritime pine inversion curve and the radar measwrements
is for the SAR data acquired on May 7, 1991, wle nthe forest
is un flood cd (Vig. 2). In addition, differences exist between tree
species. Jorinstance, black spruce stands have anoverestimated
biomass level. Black spruce trees arc typically sinallerin height,
but with i higher stem density compared 1o maritime pine trees
[5]. Small and dense trees can have the same biomass level as
tall and sparse trees and yet exhibit diflerent radarbackscat-
ter values. Differencesin tree geometry (e.g. distribution of
branches) could aso bea factor. Nevertheless, when the forest
is neither flooded nor frozen, the inversion curve from maritime
pine-plantations helps separate areas of no biomass, low biomass
(1 ton/ha), intermediate biomass (10 to 100 tons/ha),andhigh
biowmass (> 150 tons/ha) in the natural forests of Alaska. Fo
comparison, NDVIcomputed from SPOT data show no correla-
tionwith above groundbiomass (¥ig. 5), asin [9].

SYNERGISTIC USE OF SAR AND O} *1'ICAL

Combining SPOT and SAR helps identify tree species, indepen-
dent of ground truth verification, a step that should be ultimately
achicved using only onesensor, Inthe summer, NDVI1scparates
deciduous trees {balsam poplar and ader) from conifers (white
spruce and black spruce), trecless areas covered by a short veg-
ctation of shrubs (clear-cuts, recently burned areas), and open
water (Fig. 5); whercas SAR data at 1-band HV-pol arizatior: pro-
vide 4 diflerent Jevels of biomass, corresponding to no biomass
(open water), trcw-less areas (clear-cuts), intermediate biomass
(black spruce and alder ), and big], bicmass (white spruce, and
balsan poplar) (Fig. 2). A segimentation map from nulti-channcl
SAR data could provide groups of image pixels that arc natu-
rally scparated by the radar anti that have homogencous and
stinilar radiometric and polarimetric characteristics. Thelabel -
ing of each group into a tree type based on its biomass level
estimated from SAR and its NDVI from SPOT would then yield

amap of species composition. Knowing the NDVI of the dif-
ferent stands provides informationaboutleaf arca index (LAY,
whicl, combined with species composition, yield key paramncters
for modeling atiosphere-bio sphiere COy exchange [1].

CONCILUSIONS

The results show that SAR canmap tree species of Boreal forest
withaligh classification accuracy, comparable to thatobtained
with optical sensors, and to that obtained fromn vegetation maps
assembled from digitized atria-photc}s that typicaly requiresev-
cral years for comnpletion. Inthe Arctic., where cloud cover isrel-
atively important, SAR has a definite advantage. The mapping
capability Of SAR is poor inwinter when the trees arc frozen, and
during spring break upwhenthe trees arc flooded. Multi-date
imagery dots not help improve classification and even degrades
it significantly. By reducing the number of chanuels used for
classification we evaluated in a quantitative fashion the added
value of various frequencies and polarizations. The effect of en-
vironmental conditions and of tree species on the inference o f
forest parameters from SAR data was investigated, showing, that
frozen and flooded conditions yield diflicult situations for the in-
version. in future studies, wc will address the potential for SAR
to map tree species in the presence of topography since topo-
graphic maps registered with the SAR data arc now available
inoperational mode aboard AIRSAR. More work is also needed
to develop anautomatedmapping capability using SARalone
by improving our current knowledge Of the relationships between
SAR sigh atures an d fo1 est parameters other th an biomass,
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Tables Confusion matrices for (1) L- and C-band fully polarimetric
oty May G, 1991. 'Yotal classification accuracy is 90.8%; and 86.2% for
trecs only. (2) Digital vegetation map. Total classification accuracy
is 89.3%; and 72.8% for trees only. (3) I-band fully polarimetric ou
May 6, 1991. Totalclassification accuracy is 78.2%;and69.7% for trees
only. (4) C-bandfully polaritnetricon May 6, 1991. Total classification
accuracy is 84.5%;and 71.770 for trees ouly.(5)1.-andP-band fully
polarimetric, on March 13, 1988.(6) 1,- and C-baud fully polarimet-
ric, onMarch19,1988.(7)L-band H}l, C-band VV,and C-band 1111
data onMauy 6, 1991, Total classification accuracy is 88.0%; and 81.5%
for trees only. (8) Multispectral S}°O’I’ data acquired on August 28,
1991, Total classification accuracy is 90.1%;and 77.8% for trees only.

o
\:U’ lband t Iv- polvsC-bond 1 IV- pol
S10)- . . p " . o
17 : M
14 - —‘H

<16 %
ERL

-74 -27 =20 -8 =16 - 14 - 12 -lo
1- bondtV-pol ruder backscatter o® (db3)

v —-no'

<

At

~hen

~

Figure 1. Radar backscatier 0§y, at L-band HV-polarizat ion on May
G, 1991 versus 0§ at C-band IV-polarizat jon. ‘Jrcc-less areas (+),
black spruce (A), alder (x), white spruce/balsam poplar (3), balsam
poplar (2), and white spruce (4).
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Figuve 2. Radar backscatter 0§, al L-band H'V-polarization on hlay
7, 1991 versus the above ground woody biomass. The continuous line
is adapted from the maritime pine inversion curve [5]. Frror bars cor-
respond to the standard deviation of the mcasurements in cach stand
forthe biomass and the o§,,, values.
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Figure 3. Radar backscatter 63y at L-band HV-polarization on 4
(March 13, 1988; March 19,1988; hlay 3, 1991; and
May 7, 1091) versus the above ground woody biomass (tons/ha).
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